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ABSTRACT
Influential user can play a crucial role in online social net-
works. This paper documents an empirical study aiming
at exploring the effects of influential users in the context of
music social network. To achieve this goal, music diffusion
graph is developed to model how information propagates
over network. We also propose a heuristic method to mea-
sure users’ influences. Using the real data from Last.fm,
our empirical test demonstrates key effects of influential
users and reveals limitations of existing influence identifi-
cation/characterization schemes.
Categories and Subject Descriptors
H.3.5 [Information Storage and Retrieval]: Online In-
formation Services—Data sharing
General Terms
Experimentation, Human Factors
Keywords
Influential users, Music diffusion, Influence pattern, Social
network
1. INTRODUCTION
The growing pervasiveness of the Internet has changed the
way how people consume music contents dramatically. To-
day people can easily access large scale music collections via
social networks. One of the most typical examples is Last.fm.
By April 2011 it reported to hold 50 billion scrobbles and
attract more than 48 million active users. Such big music
collection not only provides a rich music information source
for public but also poses many challenges in designing effec-
tive music recommendation and search systems. Indeed, one
of open research questions is how to model and characterize
users’ music preferences.
Among numerous factors influencing music selection un-
der social network environment, the one that did emerge
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as significant, is the effects of influential user. There has
been some work on leveraging various kinds of media analy-
sis techniques to facilitate influential user identification and
characterization. In [8, 6], users’ social structure and the
contents of their Tweets about various topics are the key
elements to represent influence, and the influence range is
usually global. In [1], influential users are localized, lim-
ited on certain kinds of image and in a small friend circle.
Indeed, very surprisingly, less previous research has focused
on identifying influential users and studying their behaviours
in the context of music social networks. Comparing to gen-
eral users, music influential users are the ones who enjoy
stronger capability to influence the song adoption and pop-
ularity trend. Due to their importance in many real appli-
cations, it is crucial to gain fundamental understandings of
those users. Toward the goal, we develop two graph-based
schemes and carry out a series of empirical tests using the
real data collected from Last.fm. Our major contributions
can be summarized as followings:
• To the best of our knowledge, this is the first study to
explore the effects of influential users in music social
networks from information diffusion perspective.
• We study the characteristics of influential users and
demonstrate the key factors needed to be taken into
account for accurate identification.
• We analyse the influence patterns of detected influen-
tial users and the effects of their characteristics on the
music recommendation. We also compare the effects of
pure social network structure on identification of music
influential users.
The rest of the paper is organized as followings. Section 2
introduces the details about the diffusion graphs and influ-
ential user identification scheme. Next, Section 3 describes
the datasets and main experimental methodology used for
empirical study. The characteristics of influential music lis-
teners are analyzed in Section 4. Section 5 concludes the
paper with future research directions.
2. OUR STUDY
In this research, we aim to investigate the effects of influ-
ential users in music social networks. Particularly, our study
addresses three main questions as followings:
1. What are the characteristics of influential users in mu-
sic social network?
2. How does the influential user influence the propagation
of the music tracks, and how to measure the effects?
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3. What kind of roles do users’ profile, music track and
community structure play in identifying influential users
in music social networks?
To facilitate empirical test, we develop a dataset including
more than 1000 popular songs and their listening logs of
around 40,000 online users in Last.fm. To measure the
influence level, we also propose a heuristic method. And
five node centrality methods which only consider the social
network structure are applied to analyse the characteristics
of influential users.
2.1 Influential Users and Graphs
In music social network, if user u’s friend f starts to lis-
ten to track s by referring u’s recent played tracks and f has
not played s ever before, it indicates that user u influences
his/her friend f ’s music choice. If the listening behaviour of
a user u on a track s can lead many other users to listen to
the track via the social graph, then the user u is an influ-
ential user for the diffusion of the track s. However, in real
scenarios, it is hard to determine whether a user selects a
music track is because of the social influence or his/her own
music preference1.
To identify influential users in the diffusion process for a
particular track, we apply a Music Diffusion Graph using
the listening logs of users on the track and their social rela-
tionships. Meanwhile, Music Social Graph which only mod-
els community structure is constructed to assess the perfor-
mance of traditional methods based on social structure.
2.1.1 Music Diffusion Graph (MDG)
Music Diffusion Graph (MDG) is track-based and it mod-
els the diffusion of a music track over social network based
on users’ listening logs on the track. Typically, to discover
new tracks2, a user will refer to the music tracks played by
his/her friends recently instead of the ones played long time
ago. Therefore, we define the music track diffusion between
two users as:
Definition 1. Diffusion occurs between user u1 and user
u2 when: a) u1 and u2 are friends, and b) u1 listened to the
track at time t, and u2 listened to the track at time t+ 1 for
the first time.
The time duration is a set of time units. Each time unit
could be one day or one week. In MDG, the nodes are
the users who listen to the track during the time period
considered, and a directed edge is formed when diffusion
occurs between two nodes.
Fig. 1 illustrates an example of this kind of graph. Here
the time unit is one week. Different colours denote the time
when the user first listens to the track. The directed edge
between two nodes indicates the influence direction. This
figure also demonstrates different influential level of users in
the track diffusion process. Few users can directly influence
other users and give indirect influence on others through the
cascading effect. The rest can only influence few directly
connected users, even they listen to the track very early.
1Users can access the information about a music track from
many other channels.
2The tracks which have not been listened to by the users
before.
week 1 week 2 week 3 week 4
Figure 1: MDG of track “Amy Winehouse - love is
a losing game”
2.1.2 Music Social Graph (MSG)
MDG is constructed using the real listening records of
users and can be applied to identify the influential users in
many real scenarios. However, real listening logs are usually
hard to obtain, especially for a newly released track. It
is necessary to develop methods to identify the influential
users for a track without the diffusion information. In this
work, we study whether the classic social structure analysis
method can help us to identify the influential users without
the diffusion information about the music tracks. Based
on this key observation, we develop Music Social Graph for
artist instead of track. In MSG, top fans for the artist who
listen to the artist frequently are selected as nodes, and the
nodes are linked by friendship in the MSG. The reason of
constructing MSG for artist is based on the assumption that
song performed by an artist share common influential users
to a certain extent. It is general that a fan listener of an
artist is easy to adopt different tracks including new tracks
from the same artist. Thus the groups of influential users
for different tracks can have overlapping. This assumption
will be validated by our experiment in section 4.
2.2 Influential Users Identification
We introduce the methods to detect influential users in
MDG and MSG, respectively.
2.2.1 Influential Users in MDG
To identify the influential users in MDG, we propose a
simple method based on two intuitive heuristics derived from
the observations about influence propagation.
• Cascading influence (CI): As shown in Fig. 2(a), node
A influences node B, and then node B influences node
C. Thus node C is indirectly influenced by node A.
Similar to Katz centrality [5], we assume the indirect
influence of node A on node C exponentially decreases
with the hops between them.
• Multiple influence (MI): As illustrated in Fig. 2(b),
multiple users can influence a user simultaneously. With-
out external knowledge about the relationship between
a user and his/her friends, we assume that the influ-
ences of different friends on the user are the same.
A B C
(a)
B
C
A
(b)
Figure 2: Influence diffusion cases
Specifically, the influential value of a user (i.e., a node in
the graph MDG) can be calculated as:
Fvi =
∑
vj∈N+(vi)
1
deg−(vj)
· (1 + α · Fvj ) (1)
where Fvi is the influence of node vi. N
+(vi) is node
vi’s neighbours whom are influenced by vi, namely, for each
vj ∈ N+(vi), the edge between vi and vj is from vi to vj .
The first factor deg−(vj) is the in-degree of node vj , re-
flecting the MI impact. For the second factor, vi inherits
the influence of neighbour node vj with a attenuation factor
α ∈ (0, 1), presenting CI impact. In our implementation, α
is set to be 0.5.
Based on the influential values of users, the influential
users can be identified. Fig. 3 illustrates the influential val-
ues of users in the MDG for a song. The area size of a node
indicates its influence value. Obviously, “nastyboy1009” is
the most influential user in the MDG.
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Figure 3: Influential users in the MDG of track
“Britney Spears - sometimes”. Node size is propor-
tional to its influential value.
2.2.2 Influential Users in MSG
Node Centrality is a classic method in network structure
analysis. It has been widely used to measure the importance
of a node in a social network. A node with high centrality
value usually occupies a crucial position in social network,
therefore, it has high potential to influence more other users
connected (directed and indirected) to it in the network.
And so on, it is expected that centrality methods can iden-
tify some of the crucial nodes in the music social network
MSG. In this study, five node centrality methods are consid-
ered for influential user identification in MSG. They include:
• Degree centrality : The first and simplest centrality
method. It is defined as the number of links incident
upon a node. The degree centrality of a node v is for
a graph is defined as
CD(v) = deg(v) (2)
• Betweenness centrality : A node’s Betweenness central-
ity [4] is the number of shortest paths from all vertices
to all others that pass through the node. Accordingly,
nodes with high betweenness centrality control com-
munication flows, and thus exert more influence in the
network.
• Closeness centrality : A node is important if it is rela-
tively close to all other nodes. Closeness centrality [3]
is such a measure. The closeness is defined as the in-
verse of the farness, which is the sum of its distances
to all other nodes.
CC(v) =
1∑n
v′ 6=v d(v, v
′)
(3)
where n is the number of nodes in the graph, d(v, v′)
is the shortest path between node v and v′.
• Eigenvector centrality : With the idea that high-scoring
nodes contribute more to the score of a node, Eigen-
vector centrality assigns relative scores to all the nodes
in the graph. Let A = (av,v′) be the adjacency matrix.
av,v′ = 1 if node v is linked to node v
′, and av,v′ = 0
otherwise. The centrality score of node v can be de-
fined as
CE(v) =
1
λ
∑
v′∈N(v)
Ec(v
′) =
1
λ
∑
v′∈G
av,v′Ec(v
′) (4)
where N(v) is the neighbors of v and λ is the largest
eigenvalue of A.
• Katz centrality : It measures the influence of a node in
a network by considering the number of the immedi-
ate neighbors and all the other nodes that connect to
the node through the immediate neighbors [5]. While
the distant neighbors are penalized by an attenuation
factor α. For a node v′ with geodesic distance d to the
node v, the contribution score of node v′ to node v’s
influence is ad−1.
3. EXPERIMENTAL CONFIGURATION
3.1 Data
To facilitate our experiments, we use a dataset collected
from Last.fm. The dataset contains the listening records
of many users during the period from Feb 18th 2013 to Mar
17th 2013. It is constructed via two steps (1) popular track
selection and (2) the listening records collection for the se-
lected tracks. We target popular song because it is easy for
popular music to form a large diffusion network within short
period. To effectively collect the listening logs of a selected
track, we target fans of the track’s artist because the artist’s
fans and their friends are more likely to listen to the track
during the period we download the data. Next we introduce
the details about the track selection and collected user data.
Track Collection. We first collect the top 50 artists
during each week within 5 year time frame (from March
2008 to March 2013) in Last.fm. By removing the mistakes
and miss-spellings in artist name, 102 artists are obtained.
The song of each artist are collected using the MusicBrainz
database3. To identify the popular music, the tweets with
hashtag #nowplaying and #np from Feb 18th 2013 to Mar
17th 2013 are downloaded using Twitter Stream API. Then
the 1000 most popular tracks in each week are identified by
using the analysis method presented in [2].
User Data. For each week, top fans of 1000 most popular
tracks are obtained by using Last.fm API. For each fan,
his/her top artists, current friends and tracks played in the
week are also obtained. The top artists4 are ranked using
popularity estimation based on the listening history of the
user over all the time. As the friends of users could be
changed, we only collect users’ friends weekly. Besides, we
also collect the demographic information of each user, such
as age, gender and country.
3.2 Graph Construction
In order to reduce the bias caused by small graph, among
all the tracks of top 10 most popular artists selected by using
the artist popularity detection method in [7], the ones whose
constructed MDGs have at least 70 nodes are reserved. 119
tracks are left finally for analysis. The average number of
nodes for the MDG graphs of all the selected tracks is 191
(from 70 to 701 with standard deviation 110).
In Last.fm, users’ listening history in the most recent
week is ranked in the descending order of times of the tracks
played in the week. When referencing friends’ recent favourite
tracks, users will only focus on the top played tracks in their
friends’ played track lists. Thus for MDG construction of a
track s, an edge from u1 to u2 is created only when s is on
the top 50 positions in u1’s played track list in week t, and
u2 listened to the track in week t+ 1 for the first time. The
nodes of an artist’s MSG are the fans of the artist. A user
is regarded as a fan of the artist if the targeted artist is in
the top artists list of the user. Because the friends of most
users are stable5, we do not consider the change of friends
and use users’ friend lists within one week when computing
both graphs,.
4. RESULTS AND ANALYSIS
This section presents the analysis of music influential users.
In particular, we first analyse the characteristics and influ-
ence of influential users in Section 4.1 and Section 4.2, and
then discuss the performance of node centrality methods on
identifying the influential users in Section 4.3.
4.1 Characteristics of Influential Users
Influences of users in the MDG of a track are computed
by using the Eq. 1. From the results, we observe that each
MDG contains few users who have significantly higher influ-
ential capabilities than others (a typical example is shown in
Fig. 3). The observation indicates that the influential users
do exist in the diffusion of popular tracks. In addition, we
find that usually there exists common influential users for
3http://musicbrainz.org/.
4http://www.last.fm /api/show/user.getTopArtists
5Friend Change Rate (FCR) denotes the ratio of the number
of removed friends or added friends to the total number of
the user’s friends. In our dataset, more than 80% of users’
friends never change, less than 10% users’ FCRs are larger
than 5%.
different tracks of an artist. This phenomenon implies that
there are common influential users to different tracks from a
particular artist. To discover the characteristics of influen-
tial users, we examine effects of different characteristics for
the top 5 influential users on users’ influential power from
three aspects including:
1. Demographics
• Age, Gender, Country : No correlation has been
found between the influential values of the top
influential users and their demographic informa-
tion.
2. Social Relation
• Number of Friends: In general, users with more
friends have higher probability to be influential
users. This is mainly because they have the po-
tential to directly influence more users.
• Favourite Artists of Friends: If a user and most
of his/her fiends share the same favourite artists,
the user has higher probability to be influential
users for the artist’s tracks. Because once the
user listened to the artist’s track, his/her friends
who notice then will also try the track.
3. Listening Behaviour
• Listening Time: The time when the user first lis-
tened to the track is important. The earlier a user
listens to a track, the higher opportunity the user
to influence more users in the MDG for the song.
• Number of Listening Times: The more times a
user listens to a track, the higher probability his
friends will notice the track (as the track will be
ranked higher in his listening logs in Last.fm). In
general, users would like to listen to their favorite
artist’s tracks for many times. An underlying im-
plication is that the preference of the user on the
track’s artist is important. To verify the assump-
tion, we check the favourite artists of the influ-
ential users and discover that for the track with
influential users who do not have many friends,
the track’s artist is usually the most or second
favourite artists of those influential users.
Based on the above analysis, we can find that (1) from
the perspective of social relation, making more social friends
with the same music tastes can improve a user’s influential
power in the diffusion networks of his/her favorite music
tracks and (2) from the perspective of listening behavior,
the preference level of a user on a particular artist signifi-
cantly affects his influential power. This is because if a user
has higher loyalty to an artist, he/she will have higher prob-
ability to become the first batch of listeners of the artist’s
new songs and further to influence more friends to listen to
the songs.
4.2 Effects of Influential Users
In this section, we analyze influence strength and influ-
ence pattern in popular track diffusion networks. Influence
strength of the top n influential users is defined as the pro-
portion of users influenced by them, namely,
Rstr(n) =
No. of users influenced by top n influential users
Size of MDG
(5)
Influence pattern is defined as the ratio of the number of
influenced users by the top n influential users in each time
unit (i.e., a week) to the total number of influenced users
by these influential users during the considered time period
(i.e. a month), namely,
Rt(n) =
No. of users influenced by top n influential users in t
No. of users influenced by top n influential users
(6)
Because a time unit is a week in our analysis, t = {week2, week3,
week4}. Top n = {1, 3, 5, 10} influential users are used to
analyze the influence pattern and strength.
n Rweek2(n) Rweek3(n) Rweek4(n) Rstr(n)
1 0.24 (0.20) 0.39 (0.16) 0.37 (0.19) 0.28 (0.13)
3 0.28 (0.11) 0.40 (0.10) 0.32 (0.09) 0.38 (0.12)
5 0.29 (0.10) 0.39 (0.09) 0.32 (0.09) 0.42 (0.11)
10 0.30 (0.08) 0.39 (0.08) 0.31 (0.08) 0.48 (0.10)
Table 1: The influence pattern and strength of top
n influential users in the MDGs. Each value in the
table is represented by the mean value and standard
deviation (in the parentheses) overall tracks.
The results are shown in Table 1. It can be observed that
the number of users influenced by the influential users in-
creases greatly in week3 due to the cascading effects, and
then decreases slightly in week4. The decrease of the num-
ber of influenced users in week4 might be because of the
relatively small size of the graph. Besides, when more in-
fluential users are considered, R(week4)(n) becomes smaller
despite of that more users are influenced by them (as Rstr(n)
becomes larger). This is because the number of users that
can be influenced becomes small in week4 due to the limited
size of the graph. As shown in the last column of Table 1, top
5 influential users can have an influence on more than 40%
users in the graph. The results not only confirm influential
users do exist in the context of music social networks, but
also demonstrate the strong impacts of the top influential
users. Notice that in our experiments, a large part of users
cannot be influenced by the users as they have already lis-
tened to the track in the first week. Thus it can be expected
that much larger ratio of users will be influenced when the
influential users are the first ones to listening to a track,
such as in the case of selecting the top 5 influential users
to propagate the new tracks. Our analysis on the influence
strength and pattern is very useful for recommendation and
search algorithm optimization.
4.3 Performance of Node Centrality Methods
Five node centrality methods are applied on the MSG for
each artist (described in Section 2.1.2) to identify the influ-
ential users. By comparing the influential users identified in
MSG for an artist with that of in MDGs for the tracks of
the artist, there are at most two common influential users
on average for all the tracks. As discussed, it is expected
that the node centrality methods can identify some influ-
ential users because of the importance of the high central-
ity nodes’ positions in the network structure. However, the
identification accuracy is poor. One reason is that MSG is
constructed on artist level instead of track level. As a result,
it includes users who have not played the tracks (of MDGs)
during the time period considered in the experiments. An-
other important reason is that the node centrality methods
only utilize the information from the network structure while
ignoring the evidences from users’ profiles. As analysed in
Section 4.1, user profiles have strong effects on their influen-
tial powers in the diffusion process of a specific music track.
Thus, it is excepted that the performance of node centrality
can be greatly improved if the characteristics of influential
users are effectively integrated. A straightforward method
of combining both information sources is to re-rank the in-
fluential users obtained by using node centrality methods
to analyse key user online characteristics, such as their and
their friends preference degrees on the artist for the targeted
track.
5. CONCLUSION
This paper presents an empirical study to investigate sev-
eral fundamental problems about influential users in music
social networks. To perform the study, we collect large scale
dataset which contains the listening records and profiles of
tens of thousands of listeners for more than one thousand
popular tracks from Last.fm. By identifying the influen-
tial users for popular tracks with a heuristic method, we
analyse the key characteristics of influential user and how
he/she affects music diffusion over the networks. We also
evaluate the performances of pure social network structure
methods on influential music listeners identification. The re-
sults demonstrate that to gain more accurate identification
of influential users, both network structure and user profiles
should be considered. The insights about influential users
can be further leveraged to design music recommendation
systems in the future.
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